In some countries that energy prices are low, price elasticity of demand may not be significant. In this case, large increase or hike in energy prices may impact energy consumption in a way which cannot be drawn from historical data. This paper proposes an integrated adaptive fuzzy inference system (FIS) to forecast long-term natural gas (NG) consumption when prices experience large increase. To incorporate the impact of price hike into modeling, a novel procedure for construction and adaptation of Takagi-Sugeno fuzzy inference system (TS-FIS) is suggested. Linear regressions are used to construct a first order TS-FIS. Furthermore, adaptive network-based FIS (ANFIS) is used to forecast NG consumption in power plants. To cope with random uncertainty in small historical data sets, Monte Carlo simulation is utilized to generate training data for ANFIS. To show the applicability and usefulness of the proposed model, it is applied for forecasting of annual NG consumption in Iran where removing energy subsidies has resulted in a hike in NG prices.
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Introduction
Natural gas (NG) touches our lives in countless ways every day. NG fuels our cars, heats our homes and cooks our food, and also helps generate electricity so NG is an important component of many nations' energy equation. Ample supplies, robust emerging markets and uncertainty about nuclear power all point to a prominent role for gas in global energy mix [1] .
Energy price always has been an influential factor in estimation of energy consumption so that energy market research has devoted special attention to this interesting subject [2, 3] . Aside from energy price shocks, the energy shocks of the 1970s for example, the rise and fall in energy prices are not such dramatic that could make structural changes in energy supply and demand functions. However, in some countries in all sectors of the economy, energy prices are highly subsidized as the cost of energy is considered very low in the basket of global services costs. Removing such subsidies will cause a hike in energy prices that may alter the current relationship between inputs and outputs in energy equilibrium. Furthermore, the historical estimated demand functions are strongly suspected to yield unreliable forecasts (see [4] ). Focusing on this problem, this paper aims to develop a fuzzy inference system for natural gas forecasting with hike in prices.
The growth in energy consumption is intrinsically linked to the growth in the society and economy. Various approaches and models have been applied to describe and forecast the evolution of energy consumption. Among those, two well-known distinct approaches are statistical approach including time-series models [5, 6] and econometric models [7] [8] [9] , and artificial intelligence (AI) approach [10] [11] [12] .
AI techniques are increasingly diversifying today and have gained special attention in energy forecasting. AI techniques have shown interesting results in modeling non-linear functions [13] [14] [15] . Furthermore, neuro-fuzzy systems use fuzzy rules which allow modeling fuzziness and ambiguity in the modeling environment and are capable of dealing with uncertainty and complexity in the given data set [12, 15] .
By using adaptive network-based fuzzy inference system (ANFIS), Zhang and Mao [16] investigated the interrelationship between energy consumption and economic growth in China. Cheng and Wei [17] used ANFIS for electricity load forecasting and their experimental results indicated that the ANFIS modeling is superior to ANN modeling. Azadeh et al. [18] forecasted short term natural gas consumption by ANFIS and showed that ANFIS has outperformed ANN and other conventional methods for natural gas consumption estimation. Authors in [12] presented an ANFIS-Stochastic Frontier Analysis approach for long-term natural gas consumption forecasting and behavior analysis in stochastic environments. In [19] , a new hybrid AN-FIS computer simulation was used for improvement of electricity consumption forecasting.
Long term forecasting of energy consumption usually uses socio-economic and demographic variables as the inputs of the estimation model. Reddy and Balachandra [20] looked at various factors that influence the energy demand in India and develop the energy and environmental outlook in the year 2010. This was done by developing an integrated mathematical model incorporating various factors such as gross domestic product (GDP) and population growth. The model presented in [21] estimates natural-gas demand, based on average trend of the economy development. Parikh et al. [22] estimated demand projections of petroleum products and natural gas in India. They considered GDP and population as inputs of their NG estimation model. Kankal et al. [23] proposed a model for improvement of estimating energy consumption in Turkey based on four socio-economic and demographic variables (GDP, population, import and export amounts).
Looking back at the previously AI-based models reviewed above, an important missing parameter is the energy price. This shortcoming actually restricts the application of these models for the cases with hike in energy prices. Another gap in this literature is the lack for incorporating electrical energy consumption for estimation of the gas consumption in power generation sector. According to Energy Information Administration [24] , more than 40% of electricity in the world is generated using natural gas as the fuel; therefore incorporating electricity consumption in the estimation of NG consumption would help improvement of its forecasting.
To address these two aforementioned issues, this paper proposes a combined model of fuzzy inference system and linear regressions to forecast NG consumption. Regression models are used to construct the first order TS-FIS. A novel procedure for construction and adaptation of Takagi-Sugeno type fuzzy inference systems (TS-FIS) is suggested. In the adaptation phase, expert knowledge is used to define new fuzzy rules. A unique feature of the proposed model is that it is adaptive and flexible to the situations with hike in energy prices. Another interesting feature of the proposed model is that it uses electricity consumption data to improve the estimation of total NG consumption. The proposed combined adaptive FIS model of this study is also compared with some of the current studies in the light of some qualitative features (Table 1) . Results in Table 1 show that the proposed combined adaptive FIS model of this study is in an advantageous position as it embeds expert knowledge for forecasting, accounts for price hike, and incorporates electricity consumption for NG modeling.
The remainder of the paper is organized as follows. Section 2 presents the proposed combined adaptive FIS model. In Section 3, the methodology of the proposed model is presented. In Section 4, to show the applicability of the proposed model in NG forecasting, a case study is discussed which considers the removal of natural gas subsidies in Iran, 2011. The paper ends with key findings in case study and proper conclusions.
The proposed combined adaptive FIS model
In this section, a step-by-step description of the elements of the proposed model is presented. In this model (Fig. 1) , NG consumption in end-use sectors (end-use NG) and NG consumption in power plants (NGPP) are the target elements so that they are forecasted in an integrated manner. In the proposed combined adaptive FIS model of this study ( Fig. 1) , two kinds of fuzzy inference systems are distinguishable. (1) NG-FIS which is a Takagi-Sugeno type FIS and used to forecast NG consumption in end-use economy sectors (Residential, Commercial, Industry, Transport, and Agriculture) when the price elasticity of NG demand is not significant. (2) NGPP-ANFIS which is adaptive network-based fuzzy inference system by which NGPP is estimated and forecasted (hence the name NGPP-ANFIS). Total NG consumption is the summation of end-use NG and NGPP.
The main difference between these two kinds of systems is the process of adaptation. NG-FIS uses pre-processing of data using linear regression models to form a fuzzy rule base and then expert knowledge is used for adaptation. In NGPP-ANFIS the adaptation is performed by exploring the existing pattern in the available data. These fuzzy inference systems are presented in more details in the following sub-sections. The methodology of these systems is presented in Section 3.
Fuzzy inference system modeling (NG-FIS)
In Fig. 1 , the main algorithmic steps which are performed in developing NG-FIS are presented. The NG-FIS modeling is capable of dealing with the uncertainty arise from the non-deterministic effect of hike in NG prices. This inference system uses socioeconomic standard indicators GDP and population as well as NG price to approximate NG consumption function. The NG-FIS is developed in four steps as follows. In step 1, using socioeconomic data a linear regression model is estimated. This regression model can have a general form of Eq. (1):
In Eq. (1), E t is the NG consumption in time period t. G t is the vector of socioeconomic indicators in time period t. a is the vector of regression coefficients. f(a, G t ) is a linear function of a. e t is the random noise in time period t.
It should be noted that NG prices are not included in the vector of explanatory independent variables G t of regression model f(a, G t ). The idea behind is that demand elasticity of low NG prices are not significant. The estimated model f(a, G t ) is used in the fuzzy inference system when the energy prices are low. Definitely, the term low is a fuzzy value for NG price referring to the price before hike. Likely, the price after hike is considered as high fuzzy value.
At the second step of this FIS development, an expert knowledge-base is formed. This knowledge specifically is related to the probable future impact of hike in NG prices on its consumption in terms of changes in some relevant indicators. For example, while evaluating the effect of increases in industrial NG price, an expert may believe that if industrial NG price is doubled then the trend of specific NG consumption, i.e. the ratio of NG consumption to total industrial production will decrease by 15% from the current quantity. This piece of knowledge is treated as a fuzzy rule since it reflects a human belief which potentially is a major source of fuzzy type uncertainty.
Another source of knowledge about the effect of increase in NG price in a given country or sector is the experience of some other similar countries or sectors. By the word ''similar'' we mean these countries or sectors share some common characteristics supporting the idea that the effect of NG price on its consumption would be very similar in these countries or sectors.
In step 3, both regression model of f(a, G t ) and expert knowledge are used to estimate a new linear regression model which can be applied to estimate NG consumption when the prices are high. In this respect, step 3 is an adaptation step which allows NG-FIS model to respond to hike in prices. This new regression model is denoted by g(b, G t ) which has the same functional form and the same independent indicators as f(a, G t ). b is the coefficients vector of the new regression model g(b, G t ).
To further elaborate on the procedure of estimating b, an example is presented here. Assume that GDP and population are used as explanatory variables in regression model f(a, G t ), where a is a 3-vector. Using a historical data set from period (t À H + 1) to period t, the coefficient vector of a is estimated. Suppose the price of NG was low and its demand elasticity was not significant in the past-time period [t À H + 1, t]. Now if, from the period t onwards, the price is high, we are interested in estimating the consumption function for a future period, say [t + 1, T], where explanatory variables GDP and population are GDP f and POP f , respectively (subscript f stands for future periods). Because, there is no actual data on the variables of model f(a, G t ) in the period [t + 1, T], b cannot be estimated with statistical methods such as least squares or maximum likelihood. Here the proposed NG-FIS modeling relies on the knowledge explored from expert domain to estimate b. This knowledge is represented in the following statements:
NG per capita (ratio of NG consumption to population) in the future period T will decrease by k pop percent from what would be estimated by the model f(a, G t ) with GDP T and POP T as independent variables. NG intensity (ratio of NG to GDP) in the future period T will decrease by k GDP percent from what would be estimated by the model f(a, G t ) with GDP T and POP T as independent variables. The ratio of GDP elasticity to population elasticity in the model g(b, G t ) will change by k elasticities comparing with this ratio in the model f(a, G t ). Accordingly we will have:
, where a 1 and a 2 are the coefficients of GDP and population in model f(a, G t ), respectively. Similarly, b 1 and b 2 are the coefficients of GDP and population in model g(b, G t ), respectively. This implies the relative impact of socioeconomic indicators on energy consumption is proportional with the one after hike in price.
The parameters k pop , k GDP and k elasticities may be estimated through a questionnaire survey or direct interview with the experts. The knowledge represented in the above statements is the basis to perform a computational procedure to estimate b. An example of such computational procedure is presented in the case study.
The last step of NG-FIS development is to form a fuzzy rule base to infer the NG consumptions in a fuzzy environment. Two main pieces of information used in forming the rule base are derived from the results of steps 1 and 3 of system development. In other words, when NG prices are low the regression model f(a, G t ) is used to estimate the NG consumption and when prices are high, the new regression model g(a, G t ) is used to estimate the consumption. The uncertainty due to low and high energy prices and also uncertainty due to the expert knowledge used to form rule base can be handled by fuzzy logic modeling. Takagi-Sugeno fuzzy inference system is a well-known technique that uses fuzzy indicators as well as linear regression models in the inference process.
ANFIS modeling (NGPP-ANFIS)
For estimating and forecasting NG consumption in power plants, we propose to use ANFIS which uses three following inputs:
Total electricity consumption -since one of the main fuels to generate electricity world-wide is natural gas, then having forecasted total electricity consumption will help improving the modeling and estimation of NG consumption in power plants.
Weighted average efficiency of gas-fired electricity generation in the country -the efficiency of each gas-fired power plant in the country is weighted with its operating capacity. Electricity generated from renewable sources -the idea is that developing and expansion of the generation capacity from renewable sources such as wind power or solar energy eliminates the need for capacity expansion of gas-based power generation and as a result reduces NG consumption in power plants.
The only output of ANFIS is NG consumption in power plants. The structure of ANFIS is depicted in Fig. 2 . Section 3.2 represents a detailed description of different layers of ANFIS structure.
Methodology

Takagi-Sugeno type fuzzy inference system (TS-FIS)
Various types of FIS are reported in the literature [27] [28] [29] and each is only characterized by their consequent parameters. The Takagi-Sugeno fuzzy inference system (TS-FIS) (also known as TSK fuzzy model) was proposed by Takagi and Sugeno [28] . TS-FIS is a systematic approach to infer an output from a set of inputs that the relation between output and inputs is defined by fuzzy IF-THEN rules. A typical fuzzy rule in TS-FIS has the following form:
where A 1 and A 2 are fuzzy sets in the antecedent (IF part of fuzzy rule) while x 3 = f(x 1 , x 2 ) is a crisp function in the consequent (THEN part of fuzzy rule). Usually f(x 1 , x 2 ) is a polynomial in the input variables x 1 and x 2 . When f(x 1 , x 2 ) is a first-order polynomial, the resulting TS-FIS is called a first-order TS-FIS. Fig. 3 shows the fuzzy reasoning procedure for a first order TS-FIS model with one output and two inputs, having two membership functions for each input. This TS-FIS is composed of two fuzzy rules: Since each rule has a crisp output, the overall output f is obtained via weighted average, thus avoiding the time-consuming process of defuzzification required in a Mamdani model [27] . w 1 and w 2 are the firing strength of rules 1 and 2, respectively. w 1 is calculated as the degree of membership x to A 1 (l A 1 ðxÞ) multiplied by the degree of membership y to B 1 (l B 1 ðyÞ). Similarly, w 2 is calculated as the degree of membership x to A 2 (l A 2 ðxÞ) multiplied by the degree of membership y to B 2 (l B 2 ðyÞ).
Adaptive network-based fuzzy inference system (ANFIS)
Neuro-fuzzy modeling [31, 32] refers to the way of applying various learning techniques developed in the neural network literature to fuzzy modeling or a fuzzy inference system. Neuro-fuzzy system, which combine neural networks and fuzzy logic recently have gained great interest in research and application. The neuro-fuzzy approach added the advantage of reduced training time not only due to its smaller dimensions but also because the network can be initialized with parameters relating to the problem domain. Such results emphasize the benefits of the fusion of fuzzy and neural network technologies as it facilitates an accurate initialization of the network in terms of the parameters of the fuzzy reasoning system.
A specific approach in neuro-fuzzy development is the adaptive neuro-fuzzy inference system (ANFIS), which has shown significant results in modeling nonlinear functions [30] . ANFIS uses a feed forward network to search for fuzzy decision rules that perform well on a given task. Using a given input-output data set, ANFIS creates a FIS whose membership function parameters are adjusted using a backpropagation algorithm alone or a combination of a backpropagation algorithm with a least squares method. This allows the fuzzy systems to learn from the data being modeled.
Consider the first order TS-FIS presented in Fig. 3 . Then, the functioning of ANFIS is a five-layered feed-forward neural structure (Fig. 4) , and the functionality of the nodes in these layers can be summarized as follows. Note that in each layer nodes are numbered from up to down in ascending order. At the first layer, for each input, the membership grades in the corresponding fuzzy sets are estimated as output. Output from each node i in layer 1 (O 1, i ) is calculated in Eq. (2):
where x or y is the input to the nodes, A i or B iÀ2 is a fuzzy set associated with node ith of layer 1. At the second layer, all potential rules between the inputs are formulated by applying fuzzy intersection (AND). The product operation is used to estimate the firing strength of each rule. Output from each node i in layer 2 (O 2, i ) is calculated in Eq. (3):
The third layer is used for estimation of the ratio of the ith rule's firing strength to the sum of all rule's firing strengths. Output from each node i in layer 3 (O 3, i ) is calculated in Eq. (4):
In layer 4 all nodes are adaptive and their outputs (O 4, i ) are calculated in Eq. (5): Fig. 4 . Equivalent ANFIS architecture of FIS in Fig. 3 [30] .
where w i is the output of layer 3 and {p i , q i , r i } is the parameter set. Parameters in this layer will be referred to as consequent parameters.
The final layer computes the overall output (O 5, i ) as the summation of all incoming signals from layer 4 (Eq. (6)):
In this ANFIS architecture, there are two adaptive layers (1, 4) . Layer 1 has three modifiable parameters (a i , b i and c i ) pertaining to the input MFs. These parameters are called premise parameters. Layer 4 has also three modifiable parameters (p i , q i and r i ) pertaining to the first order polynomial. These parameters are called consequent parameters. Optimizing the values of the adaptive parameters is of vital importance for the performance of the adaptive system. Jang et al. [30] developed a hybrid learning algorithm for ANFIS which is faster than the classical back-propagation method to approximate the precise value of the model parameters. The hybrid learning algorithm of ANFIS consists of two alternating phases: (1) gradient descend which computes error signals recursively from the output layer backward to the input nodes and (2) least squares method, which finds a feasible set of consequent parameters. To run the ANFIS, a reliable and easy-to-use software package is the fuzzy toolbox of MATLAB software.
Case study
Current state of energy subsidies in Iran
The Iranian subsidy plan also known as the subsidy reform was passed by the Iranian Parliament on January 5, 2010 and it has been considered as an important undertaking in Iran's recent economic history. The goal of the subsidy reform plan is to replace subsidies on food and energy (80% of total) with targeted social assistance and move toward free market prices in a period of 5-year. Iran was the largest provider of fuel subsidies in the world by 2009. Heavy subsidies in energy (low energy prices, in other words) encourages inefficient use of energy especially electricity and NG. According to the IMF [33] , Iranians can expect the first price hike to lift energy product prices between four and 20 times previous levels, with prices surging even higher eventually. Table 2 presents a brief history of prices and price-increase policy for natural gas in Iran.
Based on the information in Table 2 , and assuming a linear trend, Fig. 5 depicts the forecasted hike in average prices of NG until 2016. Table 2 Old, current and 2015 target prices of natural gas in Iran.
Old price -up to 2010
Hike in price -2011 Target price -2016 1-1.3 cents/m3 for households and 0.5 cents/m3 for power plants >500% price increase; on average 7 cents/m3 for households 75% of the average export price for the general population; 65% of the average export price for petrochemical companies for 10 years. 
Data collection and sources
A history of 13 years actual data from 1997 to 2009 are collected and used in the estimation process. These data are related to the following variables:
Average efficiency of gas-fired electricity generation -the source of the data is detailed statistical report of Iran electricity industry [34] . Electricity generated from renewable sources -the source of the data is detailed statistical report of Iran electricity industry [34] . NG prices in all economy sectors as well as power plants -the source of the data is Hydrocarbori energy balance [35] . GDP -the source of data is International Monetary Fund [33] . Population -the source of data is Statistic Center of Iran [36].
Modeling and forecasting the socio-economic variables
The GDP at constant prices (the base year is 1997 and prices are adjusted by Purchasing Power Parity) was reported at 502,978 billion (Fig. 6(a-c) ). Since, logarithmic linear regressions are used, the membership functions in Fig. 6 are defined for the natural logarithm of GDP and population; ln(GDP) and ln(POP), respectively. To have the first fuzzy rule of NG-FIS, we start with estimating a linear logarithmic regression model (7) Also, we assume that if in the future period the average NG price remained the same as it was in the past period, then the same regression model 7 could be used for forecasting NG consumption in the future. The supporting idea for this assumption is that the country has planned and performed three 5-year development action plans during 1997-2007 and continues to perform other similar development plans in 2010-2016. Consequently, the following fuzzy rule is introduced: 
Here, the new regression coefficients b = [b 0 , b 1 , b 2 ] will be estimated. Since there is no actual data to be used for estimating b, we rely on expert knowledge and experience. Because b has three unknown elements, we need three relational equations to obtain b and since the regression model is linear, we conduct a linear set of equations to solve the estimation problem. For the first equation, a questionnaire survey was performed to collect the expert estimation on the following two indicators:
Potential stable change in NG per capita (total NG consumption divided by population) when the average NG prices are high (DNGPOP) Potential stable change in NG intensity (total NG consumption divided by GDP) when the average NG prices are high (DNGGDP)
By the word ''stable'' in the above statements, experts mean that when NG prices suddenly changes, the consumption will not immediately response to price hike and there will be a transition period until the consumption response becomes stable. At the end of the transition period (say T), the changes in behaviors will be stable. Experts believed that selecting T = 2016 would be a reliable estimate.
Using the regression models 7 and 8, DNGPOP and DNGGDP are defined in Eqs. (9) and (10), respectively:
It can easily be confirmed that two equations of (9) and (10) are not independent. So, an average of the expert estimations is considered and the first linear equation for the coefficients of new linear regression is formed as Eq. (11):
1 R-squared or the coefficient of determination is the percentage of the total variation in the electricity consumption that is explained by the regression model 7. 2 Having in hand x and x 0 as actual and estimated data respectively, the Mean Absolute Percentage Error ðMAPEÞ ¼ 1=n P t¼1:n ½jxt À x 0 t j=xt. Scaling the output, MAPE method is the most suitable method to estimate the relative error because it accounts for the different scales that may be existed in outputs.
The results of questionnaire showed that the interval estimation for DNGPOP T 
. The second equation is originated from the assumption that the ratio of GDP elasticity to population elasticity in the new regression model 8 will change by k g in comparison with the ratio of GDP elasticity to population elasticity in the regression model 7 (Eq. (12)):
The results of questionnaire showed that k g can be considered as unity revealing no change in the ratio of elasticity. Another and the last piece of information that will help to find the new regression coefficients is that new regression model should be able to estimate the last actual consumption data available (here year 2009), accurately. This assumption will determine the intercept of the new regression model 8 (Eq. (13)):
From Eqs. (11)- (13), an equation set is formed and solved to obtain b. For example, if the following parameter setting is considered:
Then the estimated new regression of model (8) To show the superiority of this obtained NG-FIS, a comparison between performance of the proposed method and the existing AI techniques is conducted. Previous studies have extensively used AI techniques for energy forecasting. To have a robust and significant comparison, we have selected two common techniques among previous studies namely ANFIS [15, 18] and ANN [14, 23, 25, 26] . To have a fair comparison, ANN and ANFIS are compared at their best structures with minimum error.
To compare the performance of intelligent models, the error-based indicator of mean absolute percentage error (MAPE) as defined earlier (footnote 2) is used to assess performance of the models. We have randomly divided the whole data set into two subsets namely train data and test data. The train data are used to train the ANFIS and ANN and the test data are used for comparison between models.
An experiment of 30 replications with five different test data sets has been conducted to present the statistical significance of the results. The average MAPE of the models for each test data set are shown in Table 3 . According to the average MAPE, the proposed FIS shows satisfactory performance comparing to the other models and its average error is the least.
As mentioned before, one of the unique features of this study is accounting for price hike for end-use NG modeling. In this section a discussion is presented to show how this feature affects the accuracy of NG estimation as compared to the existing literature. To do this, the result of eliminating energy price from modeling is analyzed. In Table 4 , the results of ANFIS and ANN without NG price are compared with the results of the proposed FIS when they are used for estimation of NG consumption in end-use sectors. As seen, incorporation of price hikes into modeling helps to have more accurate models. For five different test data sets with 30 replications for each, the proposed FIS, with NG price incorporated in it, show less average error than ANN and ANFIS. Now, NG-FIS can be used to predict end-use NG consumption when prices are high. The process of estimation with fuzzy inference system was described previously in Section 3.1 (see Fig. 3 ). It should be noted that this NG-FIS is related to a scenario in which the parameter settings in (14) is considered. Since estimation for parameters DNGPOP T and DNGGDP T are interval estimation, we define different scenarios based on different values within these intervals. A code in MATLAB (see Appendix) is developed to perform the calculations. The value of DNGPOP T changes from 0.6 to 0.7 and the value of DNGGDP T changes from 0.55 to 0.75. Totally, nine scenarios are considered and the forecasting results are shown in Fig. 7 . End-use NG consumption in Iran in 2010 will touch a ceiling level of 101,000 million cubic meter (mcm) but after that along with increase in NG prices, end-use NG consumption in 2012 will reach the level it was in 2010 and after 2012, it will undergo an slight increasing trend. The slope of this trend in comparison with the one in 1997-2009 is much lower. In 2010-2016, high energy prices decrease the demand elasticity of both GDP and population. Furthermore, the growth rate of GDP declined considerably and this is another cause to turn the consumption down.
4.4.2. NG consumption in power plants 4.4.2.1. ANFIS architecture. The structure of ANFIS to estimate and forecast NG consumption in power generation sector as well as its inputs and output is presented in Fig. 2 . We use fuzzy toolbox of MATLAB software to run ANFIS (see Appendix for the code). A fuzzy clustering using genfis2 in MATLAB is performed and the inputs of ANFIS are fuzzified. Based on these findings an initial FIS for NG-ANFIS is developed.
In order to adapt its initial fuzzy inference system, ANFIS only rely on the data served as input observations. Therefore, the resulted ANFIS strongly depends on the input data. Consequently, the uncertainty in data, due to the errors arise from sampling, reporting, aggregation, etc., will affect adaptation process and cast doubt on the robustness of ANFIS results. In order to have robust results, the random uncertainty in the input data should be coped in an appropriate way.
The available actual data for this ANFIS is limited to the period 1997-2009 (13 observations). The value of each input or output in a given year is assumed to be a uniformly distributed random variable ( A) with the mean equal to the existing actual data (A). The range (R) for this uniform distribution is considered to be 5% of the standard deviation of the input or output over the years (Eq. (16)):
A $ UniformðA À R=2; A; A þ R=2Þ:
A Mont-Carlo simulation procedure is utilized to generate uniform random variables. This simulation provides sufficient data for ANFIS to be adapted and also deals with the random uncertainty in the data (see code in Appendix).
As discussed earlier, one of the unique features of this study is incorporating electricity consumption into NGPP modeling. In this section a discussion is presented to show how this feature affects the accuracy of NG estimation as compared to the existing literature. To show the effect of incorporating electricity consumption into NGPP estimation, a comparison based on two models namely simple and lagged is conducted. In the simple model, the inputs of ANFIS for NGPP are: average efficiency of gas-fired power generation (PGEff) and power generation from renewable sources (RenGen). Formally we may consider
where h(Á) is a non-linear complex function to be estimated by ANFIS. In the lagged model, a one-period lagged variable is added to the inputs of ANFIS 
Both simple and lagged ANFIS models are run with actual data as well as simulated data. In one experiment, these models are run with incorporation of electricity consumption and in another experiment models are run without electricity. Table 5 shows the results of MAPE for these two experiments. Results show that for all combinations of models and data, incorporation of electricity consumption in NGPP modeling has significantly improved the accuracy and reliability of NGPP estimation with ANFIS. Now, the ANFIS with the structure of Fig. 2 is trained and tested with 390 rows of simulated data and is used to forecast NGPP, but before that the input variables need to be forecasted for the future period 2010-2016.
ANFIS input forecasting.
Electricity consumption in end-use sectors, as the first input of ANFIS, is forecasted by a linear regression model of (17) . This model is estimated by the actual consumption data in the period 1997-2009 with R-squared equal to 99.5% and MAPE = 1.8%.
In (17) unit of measurement for electricity consumption is Giga Watt Hour (GWH) and for NG consumption is million cubic meter (mcm). Using NG consumption forecasts in Section 4.4.1 and Model (17) , electricity consumption in end-use sectors are forecasted for the period 2010-2016.
Average efficiency of gas-fueled power generation (PGEff) is forecasted with a two-period moving average method. Actual data and forecasted data are depicted in Fig. 8 . Power generation from renewable sources (RenGen) is projected based on the expansion plans of renewable power sources as announced by the Iran ministry of energy [34] . Actual data and forecasted data are depicted in Fig. 8 . 
GWh %
Average Efficiency of Gas-fired power generation (left axis) Renewable power (right axis) Fig. 8 . History (unfilled markers) and forecasting (filled markers) of renewable power generation and average efficiency of gas-fired power plants.
Forecasting with ANFIS.
Using the trained ANFIS structure, NG consumption in power plants is evaluated for the forecasted inputs. The results of forecasting in nine scenarios are presented in Fig. 9 . These forecasting results show a very close and dominant dependency between total electricity consumption and NG consumption in power plants.
Total NG consumption, the sum of NG consumption in end-user sectors and power plants, for nine scenarios, is depicted in Fig. 10 . Basically, this forecasting has its origins in the knowledge of domain experts. However, there are other consumption improvement measures that can support the stability and robustness of this forecasting. Triggered by the hike in prices, more efficient technology penetration into the end-user energy market, change in the end-users consumption behavior and more importantly, the shift in industrial production mix toward less energy-intensive production will make this forecasting more likely to come true.
Conclusion
This paper proposed a combined adaptive fuzzy inference system to estimate and forecast long-term NG consumption with hike in prices. Price elasticity of consumption, estimated with low prices (before hike) cannot be used to forecast consumption after hike, when prices are high. To incorporate the impact of price hike into modeling, a novel procedure for construction and adaptation of Takagi-Sugeno type fuzzy inference system was suggested. Linear regressions were used to construct a first order TS-FIS. In the adaptation phase, expert knowledge was used to define new fuzzy rules. Furthermore, an ANFIS-Monte Carlo simulation was conducted to forecast NG consumption in power plants, which uses electricity consumption data to improve the forecasting of total NG consumption.
To show the applicability and usefulness of the proposed model, it was applied for concurrent forecasting of end-use and power generation NG consumption in Iran where removing energy subsidies created a hike in NG prices. Result of case study showed that in 2010-2016, high energy prices decrease considerably the consumption of NG. Although, this forecasting has its origins in the knowledge of domain experts, however there are other consumption improvement measures that can support the stability and robustness of this forecasting. Triggered by the hike in prices, more efficient technology penetration into the end-user energy market, change in the end-users consumption behavior and more importantly, the shift in power generation toward renewable will make this forecasting more likely to come true. 
